Introduction
Despite the recent spurt in economic growth at the national level in India, concern has been raised over the regional disparity of poverty levels as well as the slow rate of poverty reduction in recent years (e.g., Jha and Gaiha, 2003; Kijima 2006; Himanshu 2007) . The disparity could be associated with geographical locations (e.g., among different states or between urban and rural areas) or among social groups or castes (Kijima, 2006 , Gang et al., 2008 . However, there has been no consensus as to what is the best option for a set of policies to alleviate poverty efficiently at national scale.
While policies to promote the macro economic growth is likely to reduce poverty, targeted interventions directly to support the poor have been in operation and considered the crucial component in public policies in India at both government and state levels because economic growth alone would not be sufficient to reduce poverty of those in backward areas or in disadvantaged social groups, since they lack access to the market or education.
Due to the advantages arising from their salient features, such as self-tar geting 1 and building infrastructure, Rural Public Works (RPWs) have been considered one of the best options for rapid poverty alleviation. However, previous assessments of RPWs have pointed out that they did not reach the poor (e.g., Kaushik, 2001, Jha, Bhattacharyya and ).
Even if the direct transfer benefits of RPWs are limited, the schemes can be justified on the ground that the poor in rural areas are credit constrained due to lack of access to formal credits and thus are vulnerable to unexpected shocks or fluctuation in income streams (Gaiha and Imai, 2006) . Income obtained through participation in
RPWs would relax the credit constraint or would offer risk benefits, that is, reduce various risks faced by rural households (e.g. unexpected weather shocks, such as drought or price shocks). RPWs would also mitigate seasonality of household income from agricultural production. These benefits matter in poverty alleviation because of the close correlation between poverty and vulnerability of households in India (Ligon, 2005, Gaiha and ). The insurance role of RPWs is reinforced by the frequency of crop, price and idiosyncratic shocks to which smallholders and agricultural labourers are highly vulnerable (Gaiha and Imai, 2004) . The present study offers empirical evidence on how participation in RPWs reduces poverty and vulnerability of rural households in India.
The past literature also suggests that the workers who are poor do not have enough incentives to participate in the scheme. In particular, this applies to workers caught in the poverty trap. Workers caught in this trap will either be left out of the labour market (or unemployed) (e.g., Dasgupta, 1997; Jha, Gaiha and Sharma, 2009) or receive only marginal wages as they cannot carry out physically demanding tasks due to undernutrition or poor health. This implies that it is difficult to evaluate the effect of participation in RPW on poverty because poverty or undernutrition would not necessarily be the outcome of participation in the scheme, but would also affect the participation decision. Rigorous empirical work to examine the relationship between RPWs and poverty is thus of enormous help in driving policy implications. allocation of resources to the latter is on a residual basis, it is likely to perform less well than its potential (Jha, Bhattacharyya, and Gaiha, 2009) . Analytically, however, we will treat them in the same framework given that FFW is a variant of RPW.
It is not straightforward to evaluate the effects of RPW on poverty because of endogeneity or sample selection problems associated with access to the scheme.
Participation in RPW is likely to be endogenous either because of endogenous program placement where policy makers purposefully allocate funds according to the objectives of the program (e.g., poverty alleviation in remote areas or among disadvantaged groups) or self-selection, i.e., the poor may have more incentives to participate in the scheme. For this purpose, we will employ treatment effects model, a version of Heckman sample Selection Model (Heckman, 1979) where the participation equation is estimated in the first stage and, in the second stage, poverty or consumption is estimated by the predicted participation among other determinants.
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The present study goes beyond the standard definition of poverty (defined by the national poverty line based on income or consumption data) in two important ways.
First, for the 50 th round, we compute undernutrition in terms of calories and proteins, which were constructed by converting the detailed food expenditure data available in NSS 50-1.0 into their nutritional equivalents (Jha and Gaiha, 2003) . Hence, whether a household is poor is defined not only by its consumption level but also by nutritional deficiencies. This is important in light of the link of the labour market participation and nutrition, which leads to the nutrition-based poverty trap. Second, we have estimated vulnerability measures as the probability of a household falling into poverty using the cross-sectional estimation drawing upon Chaudhuri (2003) and Chaudhuri et al. (2002) .
While poverty and vulnerability are correlated, they are conceptually different as some households above the poverty threshold may be vulnerable, or those who are just below the poverty line, but have secure income sources, may not be vulnerable (e.g., Gaiha and Imai, 2009) . Hence, the effects of RPW on poverty and those on vulnerability are likely to be different. In particular, given the high vulnerability in the backward areas, the role of reducing vulnerability or protecting households from shocks that could lead to vulnerability is likely to be very important.
The rest of the paper is organised as follows. Section 2 briefly explains the data.
Section 3 describes the econometric methodologies which we have used to estimate the treatment-effects model. Section 4 provides the econometric results and main findings.
The final section offers some concluding remarks.
Data
(1)
NSS data
The NSS, set up by the Government of India in 1950, is a multi-subject integrated sample survey conducted all over the India level in the form of successive rounds relating to various aspects of social, economic, demographic, industrial and agricultural statistics. 5 We mainly use the data in the 'Household Consumer Expenditure' schedule, (Gopalan, 1992 , Gopalan et al., 1971 Chaudhuri (2003) and Chaudhuri, Jalan and Suryahadi (2002) , who applied it to a large cross-section of households in Indonesia 9 and defined vulnerability as the probability that a household will fall into poverty in the future.
( )
where vulnerability of household i at time t, it V , is the probability that the i-th household's level of consumption at time t+1, 1 t , i c + , will be below the poverty line, z.
Three limitations, amongst others, should be noted in our measure of vulnerability. First, the present analysis is confined to a consumption (used synonymously with income) threshold of poverty. Second, our measure of vulnerability in terms of the probability of a household's consumption falling below the poverty threshold in the future is subject to the choice of a threshold. 10 Third, while income/consumption volatility underlies vulnerability, the resilience in mitigating welfare losses depends on assets defined broadly -including human, physical and social capital. A household with inadequate physical or financial asset or savings, for example, may find it hard to overcome loss of income. This may translate into lower nutritional intake and rationing out of its members from the labour market (Dasgupta, 1997; Foster, 1995) . Lack of physical assets may also impede accumulation of profitable portfolios under risk and generate poverty traps (Fred and Carter, 2003) .
The consumption function is estimated by the equation (2). : Owned land as a measure of household wealth.
: Occupation of parents in terms of (i) whether the household is classified as non-agricultural self-employment and (ii) whether as agricultural self-employment.
: Social backwardness of the household in terms of (i) whether a household belongs to scheduled caste and (ii) whether it belongs to scheduled tribe.
: A vector of state dummy variables.
β is a vector of coefficients of household characteristics, and i e is a mean-zero disturbance term that captures idiosyncratic shocks to per capita consumption. It is assumed that the structure of the economy is relatively stable over time and, hence, future consumption stems solely from the uncertainty about the idiosyncratic shocks, i e . It is also assumed that the variance of the disturbance term depends on:
The estimates of β and θ are obtained using a three-step feasible generalized least squares (FGLS) 14 . Using the estimates βˆandθˆ, we can compute the expected log consumption and the variance of log consumption for each household as follows.
By assuming i c ln as normally distributed and letting ( ) ⋅ Φ denote the cumulative density function of the standard normal distribution, the estimated probability that a household will be poor in the future (say, at time t+1) is given by:
This is an ex ante vulnerability measure that can be estimated with cross-sectional data.
Note that this expression also yields the probability of a household at time t becoming poor at t+1 given the distribution of consumption at t.
A merit of this vulnerability measure is that it can be estimated with cross-sectional data. However, it correctly reflects a household's vulnerability only if the distribution of consumption across households, given the household characteristics at time t, represents time-series variation of household consumption. Hence this measure requires a large sample in which some households experience positive shocks while others suffer from negative shocks. Also, the measure is unlikely to reflect unexpected large negative shocks (e.g., Asian financial crisis), if we use the cross-section data for a normal year.
(2) Estimation of Wage Equations
As the employment schedule of NSS provides us with individual data of earnings during the previous week of the survey date, these could be used as proxies for wages.
We estimate the male and female wage equations by the Tobit model.
(7)'
Here wage for workers is estimated by a set of variables at individual levels for the individual j, such as a set of education dummies, , age or its square, denoted as a vector, . Other variables include : Social backwardness of the household; :
Occupation; Religion of the household, : Owned land as defined before. This will give us predicted wages for male and female workers, and which will be aggregated at the level of NSS regions and used as one of the determinants of participation in RPWs. Aggregation is necessary because the consumption schedule and the employment schedule survey different samples of households. These are used as instruments for the access to RPW.
(3) Treatment Effects Model
We employ the treatment effects model, a version of the Heckman sample selection model (Heckman, 1979) , which estimates the effect of an endogenous binary treatment.
This would enable us to take account of the sample selection bias associated with access to RPW. In the first stage, access to RPW is estimated by the probit model. In the second, we estimate poverty (or a binary variable on whether the household is below the poverty threshold), undernutrition (or a binary variable on whether the household is below the threshold of calorie or protein intakes), only for NSS 50 th , and the vulnerability measure after controlling for the inverse Mill's ratio which reflects the degree of sample selection bias. The instruments are the predicted individual wages aggregated at the level of NSS regions for RPW. They are admittedly not ideal instruments in terms of the exclusion restrictions, but the data set does not contain any better variables for instruments, which are correlated with RPW, but not with poverty.
The merit of treatment effects model is that sample selection bias is explicitly estimated by using the results of probit model. However, the weak aspects include (i) strong assumptions are imposed on distributions of the error terms in the first and the second stages, (ii) the results are sensitive to choice of the explanatory variables and instruments, and (iii) valid instruments are rarely found in the non-experimental data.
The selection mechanism by the probit model above can be more explicitly specified as (e.g., Greene, 2003) :
and
D is a latent variable. In our case, i D takes 1 if a household has access to and 0 otherwise and i X is a vector of household characteristics and other determinants.
Φ denotes the standard normal cumulative distribution function.
The linear outcome regression model in the second stage is specified below to examine the determinants of poverty, undernutrition or vulnerability denoted as i W .
That is,
where θ is the average net wealth benefit of accessing RPW.
Using a formula for the joint density of bivariate normally distributed variables, the expected poverty (or undernutrition or vulnerability) for those with access to RPW is written as:
where φ is the standard normal density function. The ratio of φ and Φ is called the inverse Mills ratio.
Expected poverty (or undernutrition or vulnerability) for non-clients is:
The expected effect of poverty reduction associated with RPW is computed as (Greene, 2003, 787-789) :
If ρ is positive (negative), the coefficient estimate of θ using OLS is biased upward (downward) and the sample selection term will correct this. Since ε σ is positive, the sign and significance of the estimate of ε ρσ (usually denoted as λ β ) will show whether there exists any selection bias. To estimate the parameters of this model, the likelihood function given by Maddala (1983, 122 ) is used where the bivariate normal function is reduced to the univariate function and the correlation coefficient ρ .
The predicted values of (10) and (11) 
Results
In this section we will summarise key findings obtained from the econometric estimations of the models we described in the last section.
(1) Vulnerability Estimates Table 1 ( Table 1 to be inserted) underlying reasons are not clear, but it could be due to the fact that men's ownership of land may imply higher opportunity cost of wage employment and thus higher wages may be needed to induce them to work. However, it may be the case that land is controlled by men so the above logic does not carry over to female ownership of land.
The coefficients for ST or SC are negative and significant in determining wages.
Workers in households classified as non-agricultural or agricultural self employed tend to have higher wages. Age is positive significant, while its square is negative and significant in both years. Because there are not many observations for female wages and they are not significant in the equation of RPW, we use predicted male wage as an instrument for the participation equation in RPW.
(2) Treatment-effects Model Table 2 and Table 3 present results of the treatment effects model. ( Table 2 and Table 3 undernutrition (or nutrition-based poverty based on calorie estimates). We summarise the key results here. First, the coefficient of β λ , the degree of sample selection, is significant in all the cases except Case (b) for NSS50. The actual poverty-reducing effects are affected by the sample selection effects and direct effects of the schemes, θ.
The treatment effects are calculated and summarised in Table 3 .
The comparison of determinants of (a) consumption-based poverty, (b) vulnerability estimate, and (c) undernutrition based on calorie and protein for the cases of RPW would be of empirical significance in itself. Household composition is significantly associated with poverty, vulnerability and undernutrition. For example, all three rise with higher dependency burden of children and with the number of adult male or female members in the household. Higher levels of educational attainment and larger land area tend to decrease the probabilities of being poor, vulnerable and undernourished. Belonging to SCs or STs is highly correlated not only with poverty, but also with vulnerability and undernutrition. Jha, Imai, and Gaiha, 2009 for details).
Conclusions
This paper analyses the effects of access to Rural Public Works (RPW) on consumption poverty, vulnerability and undernutrition in India drawing upon large household data sets constructed by National Sample Survey (NSS) data, 50 th round in 1993-1994 and 61 st round in [2004] [2005] . Vulnerability is defined as the probability of a household falling into poverty and is estimated using the methodology of Chaudhuri (2003) and Chaudhuri, Jalan and Suryahadi (2002) . Undernutrition measures are derived by converting the detailed expenditure data into the nutritional equivalent of calorie intakes and protein.
The need has arisen to take account of sample selection in evaluating policy effects because access to RPW is not randomly distributed across the sample due to self selection such that a household opts to take up the programme in light of its specific characteristics or circumstances (e.g., hunger, lack of human resources) and/ or the endogenous programme placement. In other words, policymakers target specific geographical areas according to their stated objectives (e.g., poverty reduction).
Treatment-effects model, a version of Heckman sample selection model, is used at least partly, to take account of sample selection bias in evaluating the effects of RPW on poverty. The results, however, will have to be interpreted with caution because of the presence of unobservable factors which are important in the decision to participate in RPW. Such factors cannot be fully controlled by the survey data.
We have found significant and negative effects of the household participation in The maximum level of educational attainment of adult member in the household is the completion of primary school.
The max. education of adult (Middle)
The maximum level of educational attainment of adult member in the household is the completion of middle school.
The max. education of adult (>=Matriculates)
The maximum level of educational attainment of adult member in the household is matriculates or higher.
Land (0.1<=2.5 ha) (default: the landless) The area of owned land of the household is from 0,1 hectare to 2.5 hectare.
Land (>2.5 ha) (default: the landless) The area of owned land of the household is larger than 2.5 hectare.
Land pc
The area of owned land per capita
Whether self-employed in non-agriculture
Whether the occupation type of the household head is self-employed in non-agriculture (=1 if yes, =0 if no).-default of the four choices is 'others'.
Whether agricultural labour
Whether the occupation type of the household head is agricultural labour (=1 if yes, =0 if no).
Whether non-agricultural labour
Whether the occupation type of the household head is labour in non-agriculture (=1 if yes, =0 if no).
Whether self-employed in agriculture
Whether the occupation type of the household head is self-employed in agriculture (=1 if yes, =0 if no). Source Gopalan et. al. (1971), p. 27 Notes 1 In self targeting, the participants themselves decide to participate in the scheme explicitly or implicitly by comparing the potential benefits (e.g., wage incomes, reduction of seasonality or risk) and costs (e.g., physical labour, transportation costs, opportunity costs). Better targeting performance through work requirements would lead to the better cost effectiveness of poverty interventions as put forward as 'screening arguments' by Besley and Coates (1992) .
